SUPPLEMENTARY MATERIALS Supplementary Methods
by the average and standard deviation, i.e., (S1)
where L is the length of the query sequence; N is the number of decoys in the SPICKER cluster; d ij is the distance for the jth residue between the ith decoy and the centroid structure model after the TM-score superposition [8] . In SPICKER, a centroid model is calculated by averaging the coordinates of all decoy structures for each specific residue after the RMSD superposition [5] .
In addition, the relative cluster size, which is defined as the number of decoys in a SPICKER cluster divided by the total number of decoys submitted for clustering, is also used as one of the features. Though this feature is the same for all residues in a model, it does help in predicting the magnitude of the distances.
(II) Structural variation of templates from LOMETS threading. If the jth residue on the query sequence is aligned to N j templates by LOMETS [3] , the corresponding structural variation of the LOMETS threading templates is defined as:
where d n (j) is the distance between the jth residue on the model and the residue on the nth template that is aligned to this residue. The distance is calculated after superposing the template structures on the query model by the TM-score rotation matrix [8] , with alignments generated by threading. Only the top 10 templates are considered, where the N j can be different for different residues. In case that N j is zero, the value of λ j is set to a high value (10 Å).
(III) Structural variation of templates from TM-align structure alignment. To count for the similarity of the query structure model with analogous proteins in the PDB, we scan the model against a representative set of the PDB structures using TM-align [6] . The structural variation of the top 10 structural templates with the highest TM-scores, in comparison to the query model, is calculated using the same equation (Eq. S2), but with N j and d n (j) defined by the TM-align structural templates.
(IV) Threading alignment coverage. In addition to the structural variations, two more features related to residue conservation are extracted from the multiple threading alignments. We first select up to 200 top templates based on the alignment scores, the sequences of which are mapped onto the query sequence according to the threading alignments but ignoring the gaps from query; the sequence alignment mapping forms a multiple sequence alignment (MSA). The first feature extracted from the MSA is the alignment coverage on the query residue, which is defined as the fraction of templates out of all the top 200 templates that have the residue aligned. The second feature is similar to the first one but only consider the good templates (n good ), which have the Z-score (Z) above the program-specific cutoff (Z cut ) that was defined to distinguish the bad and good templates [3] . If n good is less than 10, the top 10 templates will be used as ranked by the ratios (Z/Z cut ). The last feature group that we exploit is the consistence between the final model and the sequence-based predictions of secondary structure (SS) and relative solvent accessibility (RSA). This feature can be helpful since the accuracy of the sequence-based predictors for these local structure features are in general more robust than the tertiary structure modeling. In this study, we used the PSSpred and SOLVE programs [2] to generate the SS and RSA predictions, respectively, for the query sequence. STRIDE [9] was used to assign the SS and RSA from the 3D structural models. Thus, each residue is represented by five consistency features: the PSSpred profile (i.e., three probabilities for being in alpha-helix, beta-strand, or random coil states), the difference between the predicted and the assigned RSA values, and a binary feature indicating whether the predicted SS is identical with that in the model.
To investigate the contributions of the above features to the RSQ predictions, we categorize the 12 features into three groups: Group-A contains 3 features from structural assembly simulations described in (I); Group-B contains 4 features from threading and structural alignment searches described in (II-IV); Group-C contains 5 features of sequence-based local feature predictions described in (V). The importance and contribution of these features to the final ResQ prediction are evaluated based on their performance on the 835 test proteins, which are summarized in Table S1 . Generally, the intermediate modeling features from Group-A generated RSQ slightly lower than that by Groups B and C, demonstrating their importance in local quality prediction. However, a combination of all the features achieves the lowest RSQ than all individual feature groups.
Text S3. Feature design for B-factor profile prediction
Two groups of features are used for the B-factor profile prediction.
(I) Template-based BFP assignment. The B-factor of each query residue is assigned on the basis of the experimental B-factor values of the top homologous/analogous templates that are identified by the LOMETS and TM-align searches:
where n j is the number of the templates that have a residue aligned on the query residue j, and b t (i, j) is the normalized B-factor value of the residue taken from the ith template that is aligned to residue j. Up to 240 templates from LOMETS and 50 from TM-align search are considered in Eq. S3. When there is no alignment on a residue (i.e. n j =0), b q (j) is set to 0.
In addition to the B-factor from templates, the threading alignment coverage with all templates, i.e. Feature IV in Text S2, is also exploited as one feature for the BFP prediction here.
(II) Sequence profile. The query sequence is searched by PSI-BLAST [10] (with parameters '-j 3 -h 0.001') through the NCBI non-redundant sequence database, with the sequence profile represented in the form of a position-specific scoring matrix (PSSM). For each residue, a sliding window with width =9 residues is used to extract features from the PSSM after converting its elements x to the range of (0, 1) by 1/[1+exp(-x)]. The secondary structure and solvent accessibility, which are both derived from the PSI-BLAST sequence profiles by PSSpred, are also used as features for the B-factor prediction. The hypothesis of using the sequence profile for B-factor prediction is that the more conserved residues in sequence families are often structurally more stable and therefore
have a lower B-factor, and vice versa.
Text S4. Test of ResQ on CASP decoys
Results on CASP9 decoys: Table S5 summarizes the results of the local structure quality prediction by ResQ, compared to the top-performing MQAPs in CASP9. The average of ∆d by ResQ is 3.073 Å, which is 0.527 Å lower than the second best method (QMEANclust [11] ) from other laboratories, which corresponds to a p-value in the student t-test below 10 -56 . If considering the distance error after the TM-score normalization, the distance error of ResQ (0.117) is also the lowest among all the predictors. However, the PCC and AUC scores are statistically indistinguishable between ResQ and the top three predictors, although ResQ's value is ranked at the top. Results on CASP10 decoys: Different from CASP9, an adjusted two-stage procedure was proposed to the test registered MQAPs in CASP10. In Stage-1, a small number of selected models (up to 20) covering the whole range of model accuracy was released, which was followed by the release of a larger number of models (up to 150) with model quality distributed uniformly in Stage-2. One purpose of such design was to examine the robustness of single-model based methods without considering the feature of structural consensus in Stage-1.
We tested ResQ on the decoys from both stages of CASP 10 and the results are summarized in Tables S6 and S7 , respectively. The ∆d of the ResQ for Stage-1 is 4.01 Å, which is 0.15 Å lower than the second best predictor from MQAPfrag2 [12] (4.16 Å) but the difference is not statistically significant (p-value is 0.18 in the Student's t-test). The TM-score normalized distance error by ResQ is also marginally lower than MQAPfrag2 (0.130 vs. 0.132). The PCC of ResQ also outperforms other predictors; but the AUC score of ResQ is slightly lower than that of ModFOLD4 [13] (0.849 vs. 0.857). The data suggests the possibility to further improve ResQ for single-model based local structure quality prediction by exploring multiple statistical potentials [14] .
For decoys in the Stage-2 of CASP10, the ∆d data is generally lower than that of Stage-1 for all the methods, including the single-model based methods. This is probably due to the fact that the decoy models have on average a better quality in Stage-2, which makes the local quality prediction relatively easier (see data in Figure 1A) Tables S8 and  S9 for decoys in Stage-1 and Stage-2, respectively. In Stage-1, the ResQ prediction is lower than other MQAP predictors based on both actual distance and the TM-score normalized distance.
In Stage-2, however, ResQ is obviously outperformed by DAVIS-QAconsensus that is a method designed by CASP organizers to control other MQAP prediction methods [16] . DAVIS-QAconsensus uses the structural consensus of the target model with all other submitted models as the only feature for RSQ prediction, a feature not used by ResQ. This result highlights the dominant importance and advantage of the structural consensus in RSQ estimations with increasing decoy models, especially at the current stage when an efficient physics-based quality estimation function is not yet available. The distance error of ResQ in the Stage-2 is also outperformed by ModFOLDclust2 and ModFOLD5 [13] , but the difference is not statistically significant. Similarly, the PCC and AUC values by ResQ are among the top but slightly lower than the best MQAP predictors in both Stages. Tables   Table S1 . The results RSQ prediction based on different groups of features. Numbers in parentheses are the number of features in each group. (3) B (4) C (5) A+B (7) A+C (8) B+C (9) A+B+C (12) Table S2 . Summary of RSQ predictions by ResQ on different structure regions for the 506 testing proteins that have a C-score >-1.5.
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